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Abstract

Spatial reasoning, the ability to understand spatial rela-
tions, causality, and dynamic evolution, is central to hu-
man intelligence and essential for real-world applications
such as autonomous driving and robotics. Existing stud-
ies, however, primarily assess models on visible spatio-
temporal understanding, overlooking their ability to in-
fer unseen past or future spatial states. In this work, we
introduce Spatial Causal Prediction (SCP), a new task
paradigm that challenges models to reason beyond ob-
servation and predict spatial causal outcomes. We fur-
ther construct SCP-Bench, a benchmark comprising 2,500
QA pairs across 1,181 videos spanning diverse viewpoints,
scenes, and causal directions, to support systematic eval-
uation. Through comprehensive experiments on 23 state-
of-the-art models, we reveal substantial gaps between hu-
man and model performance, limited temporal extrapola-
tion, and weak causal grounding. We further analyze key
factors influencing performance and propose perception-
enhancement and reasoning-guided strategies toward ad-
vancing spatial causal intelligence. The project page is
https://guangstrip.github.io/SCP-Bench/.

1. Introduction
Spatial reasoning is a fundamental component of human
intelligence that underpins the physical world understand-
ing, enabling perception of spatial relations among objects,
the grasp of causality and continuity, and the prediction of
future spatial changes [8]. Endowing systems with spa-
tial understanding allows them not only to perceive the
visible scene but also to understand the underlying struc-
tural regularities and dynamical physical laws, an ability
crucial for a wide range of real-world applications such
as autonomous driving [11, 20] and robotics [10, 41, 68].
Prior research has made significant progress toward this
goal, with early work primarily focusing on static spa-
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Static—Seen

Q1: At least how many metal 
mixing bowls are visible in 
the image?

Answer: At least three.
Q2: Is there a knife on the 
cutting board?

                Answer: Yes.

Dynamic—Seen

Q1: What is the person in the image 
holding?

Answer: A pair of tongs.

Q2: Which direction is the knife 
handle facing?

       Answer: To the left.

Dynamic—Unseen

Q1: From the perspec-
tive of the camera, w-
here will the food in t-
he mixing bowl be rel-
ative to the plate after 
the mixing bowl is tilt-
ed over the plate?

Wrong 
answer: To 
the left of 
the plate

Correct 
answer: On 
the plate

Q2: From the camera's 
perspective, at the instant 
the first visible stream of 
dressing leaves the bottl-
e(future),where is the ch-
ef's knife relative to the c-
entral mixing bowl on the 
cutting board?

Correct 
answer: 
Left of 
the bowl

Wrong 
answer: 
In front of 
the bowl

Figure 1. Existing benchmarks primarily assess known static or
known dynamic reasoning based on fully observable scenes. A
more challenging dynamic–unseen setting is to evaluate models’
ability to predict spatial outcomes from partial observations.

tial reasoning that assesses a model’s understanding of
object layouts and spatial relations from single or multi-
ple viewpoints [15, 27, 46, 55, 57, 59, 65]. More recent
work [30, 67, 69] has extended this to spatio-temporal rea-
soning by introducing videos or dynamic sequences. How-
ever, existing efforts [33, 49, 55, 56, 61] remain largely
limited to perceptual understanding of observed scenes, as-
sessing whether models can reason about visible spatial at-
tributes (e.g., object size, position, or relations) within given
inputs, as shown in Fig. 1. In contrast, real-world spatial
reasoning requires the ability to predict future spatial evo-
lution and infer latent causal relations from dynamic obser-
vations, beyond merely interpreting what is already visible.

To advance research on causal and temporally aware
spatial reasoning beyond the observed scene, we introduce

This CVPR Findings paper is the Open Access version, provided by the Computer Vision
Foundation. Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.
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a new task paradigm, Spatial Causal Prediction (SCP),
which addresses the limitations of existing studies confined
to visible spatio-temporal understanding. Building on this
formulation, we further introduce SCP-Bench, a bench-
mark designed to systematically evaluate a model’s capacity
to perceive, reason, and predict spatial causal dynamics un-
der partial observability. We curate various video sources
from public datasets and platforms [1, 9, 21, 36], covering
diverse viewpoints (egocentric, exocentric, and hybrid per-
spectives), and scenarios (e.g., sports, driving, and facto-
ry/machine operations). Such a design allows SCP-Bench
to assess not only visual perception but also a model’s grasp
of physical commonsense, causal continuity, and dynamical
regularities [4, 6, 39, 58]. To construct high-quality annota-
tions, we develop a semi-automatic labeling pipeline com-
bining model-assisted generation [40] with human verifica-
tion. Following a QA-based task format, we define 8 spa-
tial reasoning categories (e.g., relation, planning, relative
size/speed/distance, spatial state), spanning two causal di-
rections, i.e., backward (cause inference) and forward (re-
sult prediction). After rigorous manual validation, the final
benchmark comprises 2,500 question–answer (QA) pairs
across 1,181 high-quality video clips. With SCP-Bench, we
further investigate three key research questions through ex-
tensive experiments and in-depth analyses.

RQ1 (§5): How do current MLLMs perform on SCP?

We evaluate 23 representative state-of-the-art MLLMs [2,
3, 14, 32, 35, 40, 45, 49, 52–54, 62] spanning both open-
source and closed-source families under diverse task types,
scenes, and settings. Our study yields several striking ob-
servations. First, models [35, 49] specifically trained for
spatial perception often underperform compared to general-
purpose models without such specialization, exposing a
mismatch between supervised spatial learning and causal
generalization. Second, the performance gap between long-
term and short-term spatial causal prediction is surpris-
ingly small, indicating that current architectures offer lim-
ited temporal extrapolation benefits. Third, compared with
human reasoning, existing models fall short by roughly
22.37% in unseen spatio-temporal causal prediction, under-
scoring the significant gap in causal understanding. Fourth,
large open-source models with increased parameter scales
achieve performance comparable to several closed-source
systems on SCP-Bench, reflecting the rapid advancement
of publicly available spatial reasoning models.

RQ2 (§6): Then, what affects their performance?

To answer this, we design a series of probing tasks to an-
alyze characteristic error patterns and reasoning behaviors.
Our results show that current models struggle not only with
the spatial perception of visible content but also with pre-
dicting unobserved spatial states. On the perception side,

understanding dynamic video content remains notably more
difficult than handling static visual inputs. Variations in
causal structure, motion dynamics, and the continuous evo-
lution of spatial states often disrupt spatial consistency and
result in fragile reasoning [19, 63]. On the prediction side,
many models lack a solid grounding in physical common-
sense, which substantially hinders accurate forecasting of
unseen spatial configurations [7, 13].

RQ3 (§7): How to improve their SCP capabilities?

We further investigate several approaches and paradigms
for SCP models. Our experiments reveal that significantly
scaling model size consistently yields substantial perfor-
mance gains. Moreover, we demonstrate that enriching
spatial perception with intermediate representations, such
as dense video captions or spatial-interaction graphs, pro-
vides the predictor with more enriched scene information,
leading to slightly improved SCP performance. In addi-
tion, incorporating prior knowledge of physical common-
sense derived from large language models [40] or learned
world models [43] significantly boosts prediction for unseen
spatial states. Interestingly, both explicit chain-of-thought
(CoT) [17, 48] prompting and implicit self-thinking [22, 25,
47] strategies offer limited improvements.

Overall, this work contributes by 1 for the first time
formulating the Spatial Causal Prediction (SCP) task that
advances spatial intelligence from observed spatio-temporal
understanding to inference over unseen past and future.
2 We develop SCP-Bench, a high-quality benchmark de-

signed to rigorously evaluate spatial reasoning across two
causal directions, diverse scenes and viewpoints, and 8 spa-
tial question categories. 3 We perform extensive eval-
uation and in-depth analysis of existing models on SCP-
Bench, uncovering when and why they fail and how to im-
prove them, thereby paving the way for follow-up research.

2. Related Work

Spatial-aware MLLMs. Recent multimodal large lan-
guage models (MLLMs) [2, 5, 51] integrate the reasoning
capability of large language models [5, 18, 42] with the per-
ceptual strength of vision encoders [24, 34, 37, 50], achiev-
ing remarkable progress in visual understanding and cross-
modal reasoning [60]. These advances have inspired grow-
ing interest in developing world models [23] and embodied
agents [16, 31], where spatial understanding plays a central
role in grounding models to the physical world. However,
achieving robust visual spatial intelligence remains a ma-
jor challenge, motivating recent efforts toward constructing
spatial-aware MLLMs [12, 26, 35, 38, 49, 64]. In contrast to
prior studies primarily focusing on spatial reasoning within
observed scenes, our work evaluates models’ spatial causal
intelligence in unseen videos, aligning more closely with
the human ability to infer unobserved spatial dynamics, an
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⑥ Appearance Order

Q: Who moves faster toward the hoop when 
the ball in the air: the dark-jersey ball hand-
ler or his trailing teammate in dark
A: His trailing teammate in dark jersey

Cu
tp
oi
nt

Q: How many players wearing white jer-
seys are positioned inside the key (the 
paint area) after the cut point? A: Two

Q: From the camera's perspective, what will player #31 in 
the dark jersey do next: run toward a teammate to receive a 
pass, jump to catch the ball, or run toward the basket?
A: Jump to catch the ball

Cu
tp
oi
nt

Q: When the black fencer spreads into a wide defensive stance 
after shuffling back, which fencer is nearer to the right wall?
A: The black fencer

Q: From the camera's perspective, what will the black fencer's posture be in the next 
moment: leaning forward to attack, standing upright, or leaning back to defend?
A: Leaning forward to attack

Cu
tp
oi
nt

Q: Which object did he engage with ea-
rlier: the handed white sauce bottle or 
the black sauce bottle on the table?
A: The handed white sauce bottle

Q: Before the cut, which object is smaller: the 
half red bell pepper lying on the cutting board 
or the bottle in the chef's hand? A: The half red 
bell pepper lying on the board

Q: Before the cut point, which object is further to the left: 
the white sauce bottle in chef’s hand or the green peeler 
on the table? A: The white sauce bottle in chef’s hand

① Relative Speed ② Counting ③ Planning

④ Relative Distance ⑤ Spatial State

⑦ Relative Size ⑧ Relation

(a) QA Examples (b) Dataset  Statistics

QA Instance: 2500   Video Clip: 1181

Figure 2. Overview of SCP-Bench. Left: Representative examples illustrating the eight task categories. Right: Data distribution across
scene categories and task types. The benchmark comprises 2,500 QA pairs over 1,181 video clips.

essential capability for real-world embodied applications.

Benchmarking Spatial Intelligence. A number of
benchmarks assess spatial reasoning in multimodal sys-
tems. Early efforts center on 2D imagery (e.g., 3DSR-
Bench [33], OmniSpatial [27], Spatial457 [46] and
InternSpatial-Bench [15]), while VSI-Bench [55], MMSI-
Bench [56] and All-Angles-Bench [57] probe multi-view
and relational reasoning, and VLM4D [69] extends eval-
uation to spatio-temporal video settings. However, these
benchmarks largely emphasize static perception or frame-
level understanding and thus overlook causal dependencies
unfolding over time. More recent dynamic evaluations such
as STI-Bench [30] and DSI-Bench [67] incorporate mo-
tion, yet remain predominantly perceptual. In contrast, our
SCP-Bench explicitly targets forward and backward spa-
tial causal reasoning in dynamic videos, offering a princi-
pled testbed for both predictive and diagnostic spatial intel-
ligence. A comprehensive comparison with representative
benchmarks is provided in Appendix §E.

3. SCP-Bench
Overview. We formulate SCP as a multi-choice QA task.
Formally, given a video clip with only partial temporal con-
text, along with a question and multiple candidate options,
the model aims to select the option that best reflects the
underlying spatial causal reasoning. We further introduce
SCP-Bench (Fig. 2), a benchmark designed to systemati-
cally evaluate this capability of MLLMs on the SCP task.
Following, the benchmark design is detailed in Sec. §3.1,
and the construction process is described in Sec. §3.2.

3.1. Benchmark Design
To ensure systematic and fine-grained evaluation of SCP, we
design SCP-Bench around four complementary dimensions
(i.e., question type, causal direction, perspective setting,
and scene diversity) that together define the benchmark’s
structure and scope. We detail these design components be-
low.
Question Type. We design 8 task categories to capture
variations in spatial causal structure, organized by difficulty.
(1) Object-invariant identification (e.g., Relative Size) fo-
cuses on recognizing the correct entity when object size
remains constant. (2) Attribute-dynamic reasoning (e.g.,
Appearance Order, Relative Speed, Spatial State) probes
changes in object attributes under causal evolution. (3)
Interaction-level inference (e.g., Counting, Planning, Re-
lation) requires higher-order reasoning over object interac-
tions. Detailed definitions are provided in Appendix §B.
Causal Direction. Since the model observes only the vis-
ible part before or after the cut point, the task naturally di-
vides into two causal directions: backward inference, which
reconstructs prior states, and forward prediction, which an-
ticipates subsequent scene evolution.
Perspective Setting. Since spatial reasoning depends on
how a scene is perceived, SCP-Bench includes both single-
view and multi-view settings. The single-view setting pro-
vides an ego (first-person) and exo (third-person) perspec-
tive. The multi-view setting pairs a video with a reference
image from another viewpoint. Specifically, this setting in-
cludes ego–exo indicating that the video is observed from
an ego view but answered from an exo view, with exo–ego
and exo–exo defined analogously.
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Scene

View Num

Perspective

Step1 ：Dataset Collection Step3 ：QA Generation 

Ego-Exo4D HD-EPIC

YouTube-8M ActivityNet

Step4 ：Filtering and Cutpoint Finding

Q：From the perspective of ... ,   
       when/while ... , 
       what/which/how many ... ?
A：...

QA Candidates

Step5 ：Validation and Optimization 

Suitable
QAs

Cutpoint

Keep
Repair

Discard

Data Source

Feature

GPT-5 Perspective Time

Spatial Question

Structured TemplateCoarse: Segments with Events 

Videos Fine: Clips with Spatial Changes

·········
···

Step2 ：Clip Selecting 

Select
with

Caption

Propose
& 

Select

Selected by
GPT-5

Figure 3. Overview of the SCP-Bench construction pipeline. The process comprises five stages: (1) collection of diverse video sources,
(2) clip selection with spatially dynamic segments, (3) generation of candidate QA pairs, (4) QA filtering and cutpoint identification, and
(5) dataset validation and refinement.

Scene Diversity. To capture the breadth of environments
in which spatial causal reasoning occurs, SCP-Bench in-
cludes Artistic Performances, Animal Related, Sports Re-
lated, Life Records, Factory/Machine Related, and Driving-
view Related, ensuring that models are evaluated under di-
verse visual dynamics and interaction patterns.

3.2. Construction Process
We show the detailed construction pipeline in Fig. 3, which
comprises the following five key steps:
▶ Step-1: Video Source Selection. To ensure the vari-
ous attributes of SCP-Bench, we choose the synchronized
ego–exo multi-view dataset Ego-Exo4D [21], the high-
resolution egocentric dataset HD-EPIC [36], and YouTube-
based datasets YouTube-8M [1] and ActivityNet [9].
▶ Step-2: Automatic Clip Screening. Before gener-
ating QAs, we apply an automated step to extract high-
quality short clips. For each video, GPT-5 [40] expands
the provided segments, produces dense temporally aligned
captions, and filters for portions that exhibit clear spa-
tial change. It then proposes candidate clips with explicit
start–end timestamps, from which we retain the validated
ones for downstream QA generation.
▶ Step-3: Candidate QA Generation. To generate chal-
lenging and well-controlled QAs, we design a structured
prompt template that explicitly encodes three complemen-
tary dimensions. The perspective fixes the viewpoint from
which the question and answer should be interpreted. The
time dimension specifies the unseen moment or temporal
window, outside the visible part, that the model must infer.
The spatial question type determines which category of
spatial reasoning the QA should target. GPT-5 then uses this
template to produce diverse and well-structured QA candi-
dates for each selected clip.
▶ Step-4: Filtering and Cutpoint Finding. As our task
is highly sensitive to space and time, all QA candidates are
manually reviewed. We retain only questions that are unam-
biguous, answerable from the clip, and genuinely grounded
in spatial reasoning, while discarding duplicates or weakly
supported items. For each approved QA, annotators first de-
termine a precise cutpoint that separates the clip into visible

and invisible parts, after which GPT-5 generates the corre-
sponding distractor options.
▶ Step-5: Validation and Optimization. To ensure QA
quality, annotators conduct multiple rounds of review to
refine and correct candidate items. Unanswerable or in-
valid samples are removed, while fixable issues, such as
mismatched question types, unclear perspectives, ill-posed
wording or targets, misaligned temporal windows or cut-
points, and defective options, are revised and rechecked.
After these, the remaining QAs constitute SCP-Bench.

4. Setups of Experiments and Analyses
In the following sections, we fundamentally explore the
three tiers of critical questions as raised in Sec. §1. To com-
prehensively evaluate existing models, we consider a wide
range of MLLMs on SCP-Bench, including proprietary,
open-source, and spatially specialized models. Specifically,
we assess four proprietary models: GPT-5 [40], Gemini-
2.5-Pro [14], Gemini-2.5-Flash [14], and Claude-Sonnet-
4.5 [3]. For open-source MLLMs, we include Qwen3-
VL [54], Qwen3-Omni [53], InternVL3.5 [45], MiniCPM-
V-4.5 [62], DeepSeek-VL2 [52], NVILA [32], LLaVA-
OneVision [2, 29], and LLaVA-NeXT-Video [66]. Addi-
tionally, we evaluate two models specifically designed for
spatial reasoning: Spatial-MLLM [49] and SpaceR [35].
All models are tested using their officially recommended
configurations to ensure fair and representative results.
Each model answers multiple-choice questions based on the
input video, question, and answer options, with the accu-
racy rate serving as the primary evaluation metric. Further
implementation details are provided in Appendix §D.

5. How Well Do Current Models Perform?
Overall Evaluation Results. Table 1 summarizes the
overall performance of MLLMs on SCP-Bench. Current
systems remain far below human level, underscoring the
substantial gap in spatial causal prediction. GPT-5 attains
the highest accuracy (66.24%), followed by Qwen3-VL-
235B (61.04%) and InternVL3.5-241B (56.96%). Notably,
several open-source models match or surpass proprietary
ones on specific tasks, for example, outperforming GPT-5 in
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Table 1. Evaluation on the SCP-Bench. “Avg.” indicates the overall average accuracy. For each category, the best-performing closed model
and open-source model in average score are both indicated in deep blue , and best performance on each task is boxed .

Model Avg. Appearance Order Counting Planning Relation Relative Distance Relative Size Relative Speed Spatial State

Human Performance 89.61 97.60 81.20 92.26 85.70 86.70 97.62 91.61 84.17
• Closed Models

GPT-5 66.24 79.04 58.12 59.06 64.07 70.48 95.24 77.42 65.11
Gemini-2.5-Pro 55.84 69.28 54.87 52.76 46.20 63.47 88.10 67.10 62.41
Gemini-2.5-Flash 52.10 59.28 52.14 51.74 43.14 57.75 88.10 66.45 55.60
Claude-Sonnet-4.5 56.14 68.86 52.14 57.43 45.65 60.90 80.95 68.39 63.90

• Open-source Models
Qwen3-VL-2B 43.04 41.92 42.74 45.01 40.85 44.41 59.52 47.10 40.65
Qwen3-VL-8B 47.52 54.49 51.28 49.29 42.33 49.47 90.48 46.45 46.40
Qwen3-VL-30B-A3B 54.16 65.27 52.14 54.79 46.22 56.65 85.71 66.45 57.19
Qwen3-VL-32B 56.84 59.88 51.28 58.66 52.63 57.98 90.48 67.10 55.04
Qwen3-VL-235B-A22B 61.04 67.07 54.70 60.90 55.03 63.03 97.62 74.84 63.31
Qwen3-Omni-30B-A3B 53.60 63.47 55.56 53.56 47.03 53.72 88.10 65.81 55.40
InternVL3.5-8B 50.52 59.88 54.70 54.79 43.82 54.52 61.90 58.71 44.96
InternVL3.5-38B 53.56 62.28 53.85 56.01 46.34 57.98 90.48 65.81 48.20
InternVL3.5-241B-A28B 56.96 67.07 60.68 61.10 46.11 60.37 90.48 68.39 60.07
MiniCPM-V-4.5 43.80 53.29 49.57 43.99 36.04 49.20 76.19 52.26 42.81
DeepSeek-VL2 38.08 45.51 38.46 39.51 29.41 45.74 73.81 53.55 33.81
NVILA-8B 34.40 36.53 36.75 38.09 30.66 30.05 59.52 38.71 37.05
NVILA-15B 45.28 54.49 45.30 48.07 35.35 52.13 73.81 50.97 49.28
LLaVA-OneVision-7B 36.48 42.51 37.61 37.07 31.24 38.30 64.29 46.45 35.61
LLaVA-OneVision-70B 50.84 64.67 52.99 48.68 44.39 53.46 78.57 61.94 51.80
LLaVA-OneVision-1.5-8B 45.52 56.29 47.01 46.44 39.13 50.27 80.95 51.61 41.73
LLaVA-NeXT-Video-7B 36.60 43.11 25.64 35.44 29.52 48.40 54.76 54.84 32.73

• Spatial Models
Spatial-MLLM 39.76 45.51 28.21 33.81 38.33 49.73 66.67 50.97 32.37
SpaceR 41.36 52.10 34.19 40.53 34.90 45.21 59.52 54.19 44.60

Figure 4. Results across perspectives, view directions, and scenes.

Counting and Planning and achieving comparable results in
Relative Size, Relative Speed, and Spatial State. At the level
of question types, the difficulty landscape becomes clearer.
Relative Size is consistently the easiest, whereas Object Re-
lations, Planning, and Counting are the most challenging,
as they require more abstract spatial causal reasoning and
higher-order object interaction understanding.

We further examine performance across perspectives,

Short(0-2s) Mid(2-5s) Long(>5s)
35

40

45

50

55

A
cc

.(%
)

Qwen3-VL InternVL3.5 MiniCPM-V-4.5 Avg.

Figure 5. Temporal extrapolation horizon analysis. Samples are
grouped by the time gap between the cutpoint and future event:
short (0–2s), mid (2–5s), and long (> 5s).

causal directions, and scenarios (Fig. 4). Models exhibit
clear difficulty with multi-view prediction compared to
single-view reasoning, indicating limited perspective corre-
spondence. In causal directionality, models perform better
when inferring past (backward) events than future (forward)
ones, likely because reasoning from known outcomes is eas-
ier than anticipating unseen consequences. Finally, model
performance remains relatively balanced across different
scene categories, with slightly stronger results in driving-
related and factory/machine environments.
The Impact of Temporal Extrapolation Horizon. We
analyze how model performance varies with different tem-
poral prediction ranges. Specifically, we divide the fu-
ture duration between the cutpoint and the event comple-
tion into three intervals: short (0–2s), mid (2–5s), and long
(>5s). We compare three models of comparable size (8B),
as shown in Fig. 5. Overall, model accuracy remains rela-
tively stable across horizons, averaging around 46.8%. This
indicates that dynamic frame sampling in existing MLLMs
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Setting Qwen3-VL InternVL3.5 MiniCPM-V-4.5

Base 47.52 50.52 43.80
Gold Video 54.96↑7.44 58.64↑8.12 43.72↓0.08
Caption w/o Video 46.76↓0.76 41.24↓9.28 45.76↑1.96

Table 2. Comparison between perception and reasoning. “Base”
is the standard evaluation performance; “Gold Video” evaluates
perceptual understanding using unseen part; “Caption w/o Video”
tests reasoning based on captions alone. Red and green indicate
performance gains and drops, respectively.
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Only Input Ground Truth Full Video Only Cut-point

Figure 6. Visible Range Comparison. Only cutpoint uses the cut-
point frame as input; Full video provides the entire clip; Ground
truth includes only the unseen clips adjacent to the cutpoint.

mitigates sensitivity to temporal length difference, and also
that the current temporal segmentation range may be too
narrow to induce significant variation.

Causal Consistency Evaluation. To complement the
above quantitative results, we conduct a case study to ex-
amine whether models obey basic physical and temporal
causal constraints. Given a video of a child on a swing, we
construct three candidate event progressions after the swing
reaches its closest point to the camera: continue forward,
stop and reverse, or drift sideways. For each option, the
model outputs a rationality judgment (Rationality), a con-
fidence score (Confidence), and an explanation grounded
in visible evidence frames under a fixed reference frame.
As illustrated in Fig. 8, Qwen3-VL assigns high rational-
ity and confidence to the “continue forward” option, em-
phasizing local motion continuity while ignoring the phys-
ical constraint that the swing should reverse at the turning
point. In contrast, GPT-5 explicitly refers to the decelera-
tion, brief stop, and backward motion near the extremum,
and correctly rejects this anti-causal trajectory. This case
shows that even when models perceive local motion cor-
rectly, their explanations can still violate basic causal con-
straints, revealing a gap in causal consistency for MLLMs.

� Key Takeaways: Performance in Spatial Causal Prediction

• SCP is a formidable challenge for current MLLMs.
• Large open-source models perform on par with

closed ones.
• MLLMs perform similarly across time ranges.

Appr. Order
Obj. Count

Planning
Relation

Rel. Dist.
Rel. Size

Rel. Speed
Spa. State

-5
0
5

10
15
20
25
30

A
cc

.(
%

)

Visible-Chance Disable-Chance

Figure 7. Performance gap comparison. Accuracy improvements
over the chance level for vision-enabled (w/ video) and vision-
disabled (w/o video) settings across task categories.

Setting Qwen3-VL InternVL3.5 MiniCPM-V-4.5 LLaVA-OV-1.5

Base 47.52 50.52 43.80 45.52
w/ Flip 46.76↓0.76 48.56↓1.96 42.24↓1.56 45.32↓0.2
w/ CoT 51.52↑4.0 50.36↓0.16 44.88↑1.08 42.88↓2.64

Table 3. Comparison with flipped video input and CoT reasoning.
“w/ Flip” reverses the input video temporally; “w/ CoT” applies
step-by-step reasoning.

6. What Affects Spatial Causal Prediction?
Perception vs. Reasoning Decomposition. A robust so-
lution to spatial causal prediction requires two essential
components: accurate perception of the visual input and re-
liable reasoning built upon that perception. To investigate
which factor plays a more critical role in their poor per-
formance, we design a controlled set of experiments. In
one condition, we provide the models with the unseen parts
of the clips, referred to as the Gold Video, thereby remov-
ing the need for causal inference and turning the task into
pure visual understanding. In contrast, we replace the visi-
ble parts of the clips with dense captions generated by Tar-
sier [44], thereby isolating perception and forcing the model
to rely solely on textual reasoning. Table 2 shows that the
model achieves an average accuracy of 52.44% with the
Gold Video input, compared to 44.59% with dense captions,
indicating that perception is not the primary bottleneck and
that the main limitation lies in spatial causal reasoning.

Single-Frame vs. Multi-Frame Reasoning. To examine
whether models truly leverage temporal continuity rather
than static cues, we compare single-frame and multi-frame
reasoning. Specifically, we evaluate model performance
when given only the cutpoint frame versus the visible part.
As shown in Fig. 6, all four models show a slight im-
provement over the multi-frame condition when performing
single-frame reasoning. This counterintuitive result sug-
gests that temporal cues contribute minimally to model per-
formance under the base spatial causal reasoning task set-
ting, and the observed gains likely stem from static spatial
perception rather than genuine temporal understanding.

Vision Causal Perception. To further evaluate whether
MLLMs can perceive spatial causal logic in the video in-
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Q: When the child approaches the camera with feet extended toward the lens, what will the swing do next after reaching its closest approach: continue forward, stop and 
reverse, or drift sideways?

Option1: Continue forward Option2: Stop and reverse Option3: Drift sideways

 Rationality: True      
Confidence: 0.95

 Rationality: False      
Confidence: 0.97

As the child swings fo-
rward toward the cam-
era...There is no visual 
evidence of the swin-
g stopping or drifting 
sideways; it follows t-
he expected trajecto-
ry of a pendulum m-
otion.

As the child swings tow-
ard the camera with feet 
out, the motion slows n-
ear the closest point. In 
the next moments the 
seat stops advancing 
and begins moving b-
ack, not continuing fo-
rward past the camera.

The swing does not st-
op and reverse at the 
closest point to the ca-
mera. it continues m-
oving forward due to 
inertia. The video sh-
ows continuous moti-
on.

The swing decelerates 
at the forward extreme, 
then the chains angle b-
ack the other way and t-
he seat moves away fro-
m the camera. This sho-
ws the swing stopping 
at its closest point and 
reversing direction.

There is no visual evid-
ence of the swing drif-
ting sideways after re-
aching its closest appr-
oach.The swing main-
tains its forward arc, 
consistent with the l-
aws of physics for a 
pendulum.

The swing’s path is a st-
raight back-and-forth a-
rc toward and away fro-
m the camera. There is 
no noticeable lateral 
drift when it reaches t-
he closest approach; it 
simply heads back.

 Rationality: False      
Confidence: 0.55

 Rationality: True      
Confidence: 0.88

 Rationality: False      
Confidence: 0.95

 Rationality: False      
Confidence: 0.91

Figure 8. Causal consistency evaluation. Each option shows the model’s reasoning rationality, confidence score, and explanation, assessing
whether MLLMs can infer spatial order consistent with physical and causal constraints.

put, we temporally reverse each input clip while keeping
the question unchanged and compare performance with the
original forward videos. As shown in Table 3, all models
show a slight accuracy drop after reversal, with the largest
drop being 1.96%. This small drop indicates limited sensi-
tivity to temporal inversion, suggesting that current models
have yet to develop a robust notion of spatial causality.
Visible Range Comparison. We investigate how the vis-
ible range affects model performance. As shown in Fig. 6,
models perform best when given the Gold Video input,
where direct access to the answer period eliminates the need
for spatial causal reasoning and allows performance gains
through pure visual understanding. The full-video setting
yields slightly lower accuracy but remains above the base
condition, suggesting that when the Gold Video part is seen,
the visible part introduces mild noise that weakens compre-
hension. These results indicate that MLLMs perform well
when the demand for SCP is minimal, but struggle to infer
spatial causality beyond direct observation.

Is Visual Information Necessary? As the textual capa-
bilities of models continue to improve, models can some-
times derive correct answers from pure textual reasoning
based solely on the knowledge gained during training. This
raises the question: can spatial causal reasoning be achieved
through pure text alone? We compare model performance
with and without video input. The experimental results
in Fig. 7 shows that the model’s accuracy drops signifi-
cantly when no video is provided. Furthermore, as shown in
Fig. 11, we attempt to use dense captions generated by Tar-
sier for the video to replace the video input, the model’s per-
formance still declines. This suggests that although dense
captions can partially compensate for the absence of visual
input, visual information itself remains indispensable for
spatial causal prediction.
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Figure 9. Performance comparison on different model sizes.

� Key Takeaways: What Affects Spatial Causal Prediction

• Perception and Reasoning capabilities limit SCP.
• Visual information is important for SCP.
• MLLMs cannot construct temporal logic to com-

plete reasoning within a video.

7. How to Improve Spatial Causal Prediction?
Model Scale-up Effect Analysis. We investigate whether
enlarging model size leads to improved performance on
SCP-Bench by comparing different variants of Qwen3-VL
and InternVL3.5 across scales, as depicted in Fig. 9. Over-
all, performance exhibits a clear upward trend with in-
creased model size, confirming the positive correlation be-
tween scaling and spatial reasoning capability. However,
the improvement is not strictly monotonic, i.e., small-scale
models (e.g., 4B vs. 8B) sometimes show performance fluc-
tuations, suggesting that scaling benefits become more sta-
ble and pronounced only when the model grows by a sub-
stantial order of magnitude (e.g., 4B → 30B).

CoT Reasoning. We further explore the effect of incor-
porating a vanilla CoT prompt [48] by adding the phrase
“think step by step” in the prompt during inference. As
shown in Table 3, this simple strategy yields modest im-
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Figure 11. Comparison of perception enhancement strategies.
PureText uses only the question; Caption w/ V combines
dense video captions with the video and question; Caption w/o
V uses only captions with the question; SpatialGraph intro-
duces spatial-interaction graph; Original is the baseline.

provements for certain models, for example, Qwen3-VL
gains over 4% in accuracy. However, the effect is not
consistent across architectures; some models show mini-
mal sensitivity or even slight performance degradation, sug-
gesting that the effectiveness of CoT prompting varies with
model design and reasoning alignment.

Self-Think Reasoning. Recent MLLMs increasingly in-
tegrate self-think reasoning through reinforcement learning.
To assess the generalizable effectiveness in spatial causal
prediction, we compare their performances with and with-
out think-mode reasoning. As shown in Fig. 10, enabling
think-mode does not yield consistent improvements; in fact,
most models exhibit slight performance degradation, likely
due to overextended reasoning chains that introduce noise
and divert attention from essential spatial cues.

Perception Enhancement Strategy. To address the lim-
ited perceptual capability of MLLMs, we explore several
mechanisms designed to enhance spatial perception: (1)
generating dense captions of the input video clip to enrich
scene perception, and (2) constructing spatial-interaction
graphs via prompts that capture key objects, environmental
elements, and their spatial and interaction relations. The re-
sults in Fig. 11 indicate that these perception enhancement
strategies lead to only marginal improvements overall, with
noticeable gains primarily in specific tasks such as Appear-
ance Order and Relative Speed. The models fail to leverage
spatial-interaction graphs for accurate spatial causal reason-
ing. When using dense captions to enhance input, the mod-
els also exhibit limited benefit, suggesting these perception-
level augmentations alone are insufficient to substantially
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Figure 12. Unseen spatial causal scaffolds for enhanced reasoning.
Text provides textual descriptions of future spatial states; Image
employs generated future spatial images; Video uses generated
future causal videos.

boost spatial causal reasoning.

Causal Prediction Enhancement Strategy. We further
investigate which types of unseen spatial causal scaffolds
are able to effectively enhance reasoning performance.
Specifically, we evaluate three forms of auxiliary infor-
mation: textual descriptions generated by GPT-5 [40], the
future spatial images produced by FLUX.1-dev-12B [28],
and the future causal videos generated by Wan2.2-TI2V-
5B [43]. As shown in Fig. 12, incorporating textual fu-
ture predictions consistently improves performance across
all tasks, likely because MLLMs are inherently more adept
at processing and reasoning over textual information. In
contrast, image- and video-based scaffolds provide limited
gains, likely due to input length constraints, modality noise,
and the inherent perception limitations of current MLLMs.
Nevertheless, videos outperform images in dynamic-related
tasks (e.g., Relative Size and Spatial State), benefiting from
their richer temporal cues.

� Key Takeaways: How to Improve Spatial Causal Prediction

• Notably increasing model size helps with SCP.
• Unseen spatial causal scaffolds can effectively en-

hance model performance.
• Vanilla CoT and self-thinking mechanisms lead to

limited improvements.

8. Conclusion
We introduce Spatial Causal Prediction (SCP) and SCP-
Bench, establishing a new paradigm for predictive spatial
reasoning beyond visible scenes. Extensive evaluations in-
dicate that current MLLMs remain far from human-level
performance, performing better on past inference than fu-
ture prediction, and relying mainly on perceptual cues. In-
depth controlled analyses show that reasoning, rather than
perception, constitutes the major bottleneck. While explicit
reasoning and structured spatial representations bring lim-
ited gains, notably scaling up and integrating causal scaf-
folds offer a promising path for better SCP performance.
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